I. Introduction M ASS properties are critical parameters that influence stability and handling qualities of any flight vehicle. Real-time knowledge of mass properties is especially useful for helicopter flight, where payload release or acquisition may routinely alter the weight or mass center location in an unknown manner. Examples include a helicopter drawing up water to fight forest fires, a medivac helicopter picking up injured individuals, or a combat helicopter dropping off or picking up supplies or troops. Advanced flight control systems can use such information to ensure safe operation of the helicopter under various flight regimes and to provide feedback for gain scheduling. Additionally, knowledge of the mass properties during flight can reduce maintenance costs by helping to ascertain when life-limited parts need to be inspected or replaced in a precise way.
Previous work has been conducted to estimate gross weight of helicopters during flight. Methods include hover performance charts [1] , neural networks [2] [3] [4] , and corrected moment theory [5] . Most recently, Abraham and Costello [6] successfully estimated weight and mass center of a helicopter in a simulation environment by making use of an extended Kalman filter. The purpose of this note is to apply the methods of Abraham and Costello to experimentally estimate the gross weight of a small radio-controlled (R/C) helicopter, the Align TREX 600e. A nonlinear dynamic helicopter model is developed, and main rotor lift curve slope is estimated using maximum likelihood estimation. Flight tests for various helicopter weights are conducted, and it is shown that the gross weight can be reliably estimated in real time during axial maneuvers. The estimator is also shown to be responsive to instantaneous changes to the helicopter weight during flight.
II. Helicopter Dynamic Model
A critical component of the proposed estimation framework is a mathematical helicopter model that reasonably predicts dynamic response along the body frame vertical axis to vehicle control inputs. The model's accuracy in predicting helicopter motion is directly correlated to expected accuracy of the gross weight estimates. The dynamic simulation used for this project is similar to the ARMCOP model developed by Talbot et al. [7] and Chen [8, 9] . The standard sixdegree-of-freedom (6DOF) rigid body equations of motion model the overall system dynamics, with the resultant force and moment containing contributions from the helicopter weight, main rotor, tail rotor, fuselage aerodynamics, and empennage aerodynamics. Rotor dynamics are assumed to consist of first-order flapping only, and a quasi-steady flapping approximation is employed. A full description of this model can be found in [7] . Note that this modeling procedure is identical to that used in the simulation study presented by Abraham and Costello [6] .
The particular test helicopter considered for this project is the ALIGN T-Rex 600e R/C helicopter, shown in Fig. 1 . Helicopter parameters are listed in Table 1 , and a description of the onboard sensor package is provided in the following section.
Model fidelity in descending flight conditions is of special importance in this experimental study. Descending flight at low forward speeds is characterized by the main rotor entering vortex ring state (VRS) or turbulent wake state (TWS). Rotor inflow conditions in these axial flight states are turbulent due to the interaction of the wake with the main rotor [10] . Although rudimentary inflow model corrections for VRS/TWS are available [11] , most are low-fidelity and do not provide sufficient combinations of accuracy and run-time performance for use in a real-time estimator. As a result, these complex aerodynamic phenomena are not included in the model, and the choice is made to pause weight and mass center estimation while in descending, low-speed flight. In reality, this limitation is likely reasonable for practical systems because sustained flight operations in VRS are typically inadvisable anyway due to safety considerations.
III. Estimation Algorithm

A. Extended Kalman Filter Formulation
Estimation of the 12 rigid body states and the gross weight of the helicopter is performed using an extended Kalman filter (EKF). The EKF uses an augmented state vector x A x W T , where x contains position, attitude, velocity, and angular velocity associated with 6DOF motion, and W is the helicopter gross weight. The EKF uses the nonlinear helicopter dynamic model for propagation of system dynamics between measurements. Numerical linearization of the model is performed during each measurement update about the current state vector using central finite differencing, while linearization of the measurement equations is performed analytically. A detailed description of the generic EKF algorithm is provided in [12] , and a flowchart summarizing the EKF process for this study is presented in Fig. 2 . Further details of the estimation algorithm are omitted here for brevity but can be found in [6] .
B. Extended Kalman Filter Modifications for Turbulent Wake Conditions
Because of modeling difficulties in VRS/TWS, estimation of the gross weight is held constant at the last computed estimate while the helicopter is descending in low-speed forward flight. It is determined that the helicopter is in a descending state by use of a moving average filter applied to the body-frame vertical velocity w. To prevent estimation of the weight during low forward speed descents, the following constraints are applied to the linearized equations of motion:
where x i is the ith element of the rigid body state vector x. Enforcing these constraints prevents the filter from updating the gross weight estimate and causes the uncertainty in the estimate of W to grow until the helicopter returns to a nondescending flight condition. Additionally, during descending flight, the process noise associated with W is decreased to prevent rapid growth in the estimate uncertainty.
C. Measurements
Measurement data are collected onboard the helicopter using an ArduPilot Mega 2.0 sensor package and data-acquisition system. The board includes a GPS antenna, three-axis magnetometer, threeaxis accelerometer, three-axis gyro, and barometric pressure sensor. Data from these sensors are combined through standard filtering algorithms to produce direct measurements of position, orientation, and angular velocity. Body-frame velocity components are computed kinematically using GPS measurements, barometer measurements, and orientation feedback assuming zero wind.
GPS measurements are recorded at about 5 Hz and all other measurements at about 30 Hz. It is anticipated that practical implementations of this estimator in aircraft avionics systems would have access to position and orientation data at rates of 20 to 30 Hz or faster using coupled GPS-Inertial Navigation System (INS) packages, and thus resampling of flight data is performed in these experiments to provide a full state estimate at an update rate of 30 Hz.
IV. System Identification
Accuracy of gross weight estimation depends heavily on accuracy of the system dynamic model. Thus, system identification is a necessary first step in estimator design. Several important parameters in the helicopter model cannot be easily measured; thus, a system identification algorithm must be developed that can derive accurate parameter estimates from flight test data.
To this end, a maximum likelihood estimation (MLE) algorithm is formulated for nonlinear helicopter parameter identification [12, 13] . The goal of MLE is to maximize the likelihood function associated with a stochastic plant model given observed measurement data. MLE can be instantiated for nonlinear systems through optimization of a cost function over the model parameter set of interest. Define a cost function given by [13] :
where p is the vector of model parameters to be estimated,ỹ k is the measurement vector at time step k, andŷ k is the measurement predicted by the dynamic model at time step k for a given value of p. This formulation assumes that measurement noise can be represented by a zero-mean Gaussian white noise process with covariance R. Equation (2) can be minimized to determine the most likely value of p using any number of minimization algorithms. For these tests, estimation of the helicopter parameters is performed using the Matlab "fmincon" constrained minimization function. A summary of the MLE process is presented in Fig. 3 . The parameter of primary interest in these studies is the main rotor lift curve slope C L α MR because this parameter is particularly critical in the weight estimation process due to its effect on axial control power. To estimate C L α MR , measurements were collected for hover, steady climb, and steady descent flight conditions. To promote estimator convergence, the model was constrained during estimation to vertical (axial) motion, and all other motion was restricted in the model dynamics. As a result, the following dynamic conditions were imposed:
Additionally, this parameter was estimated only with respect to errors in the altitude and climb rate measurements, resulting in an output vectorỹ
Although there are numerous additional parameters required for the nonlinear model, most have little effect on the vehicle dynamics in the axial flight conditions studied here. Therefore, reasonable values were assumed for these parameters based on measured data and ARMCOP approximations. It was confirmed through extensive testing that estimator performance was relatively insensitive to their chosen values.
V. Results
A. System Identification Results
The MLE algorithm was used to estimate main rotor lift curve slope C L α MR using flight test data obtained from three types of axial flight sequences: hover flight only, hover and steady climb only, and hover, steady climb, and steady descent. Numerous data sets were collected to minimize estimation error due to random perturbations such as winds. Figure 4 displays convergence to the C L α MR estimate for these three flight sequences for example data sets. Figures 5 and 6 show plots of altitude, climb rate and control inputs comparing selected measurements and simulated trajectories using the C L α MR estimates in Fig. 4 . Figure 5 , from a hover and climb sequence, shows that estimation results from hover and climbing flight produce a close trajectory match between measurements and model predictions. Note that results for pure hovering flight yielded similar trajectory matching and are not shown. However, Fig. 6 shows that the optimal C L α MR obtained from flight sequences consisting of hover, climb, and descent yields large model deviations from the measurements during the descending portion of the flight. This result is attributed to unmodeled effects of the rotor turbulent wake, which cannot be captured accurately through simplified blade element-momentum theory models. Note that the estimates in Fig. 4 vary depending on the data set processed through the MLE algorithm. Therefore, MLE was run multiple times using various data subsets and for different helicopter gross weights. An average of the estimated parameters was taken over all of the flight sequences processed through MLE. Furthermore, it was desired that the EKF accurately estimate the weight of the helicopter in at least a hover condition. Therefore, the value used in the model is the average C L α MR estimate from nine different hovering flight sequences, resulting in C L α MR 4.740 rad −1 . Note that the standard deviation of the MLE estimates of C L α MR in hovering flight was 0.147 rad −1 , or approximately 3.1% of the estimated value. A full list of the remaining model parameters used in the weight estimator can be found in [14] .
B. Control Input Sensitivity to Gross Weight
A sensitivity analysis is performed to characterize the basic dependence of trim main rotor collective on helicopter weight. Using blade element-momentum theory (BEMT), an expression can be derived showing that main rotor thrust in hover is proportional to trim collective according to [7] :
In Eq. (3), N B is number of blades, ρ is air density, c is blade chord, R is blade radius, and Ω is rotor rotation rate. Clearly, this expression is only valid given several simplifying assumptions, which are detailed in [7] . Furthermore, this linear relationship is preserved only by neglecting any dependence of inflow on trim collective, which introduces a small but not insignificant nonlinearity in the thrust response. For the helicopter considered in this study, the linear constant in Eq. (3) relating thrust to collective input computes to 3.08 lb∕ deg (for atmospheric conditions observed during testing). This linear relationship can be compared to experimental data to determine the general nature of the dependence of thrust on main rotor collective. Figure 7 shows the weight and main rotor collective input over time for a spliced data set in which the helicopter weight increases from 10 lb to 11 lb to 13 lb. The helicopter hovers at each weight for a period of 20 s. The plot of the main rotor collective includes the actual control input over time as well as the mean collective input averaged over the hover period for each individual helicopter weight. Figure 8 shows the average trim control inputs versus the helicopter weight, along with a linear least-squares fit of the data. Based on the linear regression, a constant of 1.89 lb∕ deg is obtained relating trim collective to weight, which is approximately 40% less than that predicted by BEMT. Several considerations contribute to this reduction. First, thrust is the sum of weight and download in hover, and download is not accounted for in the idealized BEMT model. Direct measurements of download are highly impractical and thus cannot be directly subtracted out of the measured data; nevertheless, it can be expected to contribute significantly to the 40% reduction. Furthermore, tip and root losses are not accurately captured in the BEMT model, nor are nonlinear aerodynamics and swirl effects, all of which contribute to reductions in hover performance [10] .
In spite of these simplifications, the test data verify the nearly linear relationship predicted by BEMT, with slight nonlinearities induced by the aforementioned effects including the dependence of inflow on trim main rotor collective. The conclusion is that a nearly linear relationship between gross weight and trim collective exists for the model aircraft in hover, and thus gross weight should be easily derived from control inputs within a Kalman filter framework.
C. Gross Weight Estimation Results
The extended Kalman filter was used with measurements gathered from several hovering and axial climb and descent flight sequences. Because of the small variations observed in body-frame vertical velocity during hover conditions, it was deemed appropriate to define the threshold between hover and descending flight at a body-frame descent rate of 3.15 ft∕s [14] . A fifth-order moving average filter was used to detect descending flight at low forward speeds to prevent mass property estimation in turbulent wake conditions.
It was desired to evaluate estimator robustness to sudden shifts in gross weight during flight. To this end, flights were conducted with varying amounts of weight rigidly attached to the helicopter to alter its weight. These data sets were then spliced together to simulate instantaneous weight changes. All helicopter states (besides position) and control inputs were spliced by linearly interpolating over 0.15 s between the data sets. At each data splice, the EKF is configured to reset the state error covariance to the initial covariance supplied to the filter. This action promotes quick convergence of weight estimates when a shift occurs and is considered a reasonable mode of filter operation because the pilot typically knows when weight may have changed substantially and can easily activate a filter reset. Figure 9 shows estimation results for a case where the helicopter hovers at its nominal weight and successive amounts of weight are added to the helicopter. Weight is increased by 2 lb, 1 lb, then 2 lb again. The mass center location remains relatively unchanged throughout the flight sequence. Note that the EKF consistently detects weight shifts and accurately estimates the helicopter gross weight. Weight is estimated with an rms error of 0.43 lb (5.3% of the nominal helicopter weight).
Another example is shown for axial climb and descending flight conditions to demonstrate both the filter's robustness in climbing flight for various helicopter gross weights and its ability to detect low-forward-speed descending flight, in which it holds the weight estimate constant until hovering or climbing flight is reestablished. For the following results, the helicopter performs a hover maneuver followed by two sequences of climb and descent at three different gross weights. Figure 10 shows the weight estimates and errors. These results show that the estimation algorithm is capable of robust weight estimation during axial maneuvers with an rms error of 0.34 lb (4.2% of the nominal weight). Furthermore, note that Figs. 9 and 10 show rapid convergence to new estimates during weight changes, demonstrating settling times on the order of 5 s (which is greatly affected by the tuning of the filter covariance). 
D. Discussion
The results shown in Figs. 9 and 10 represent a subset of several trial flight experiments, which consistently showed that the Kalman filter estimator was capable of producing weight estimates within about 5% of the actual weight. Settling times proved reasonable, on the order of several seconds. Because the relationship between thrust and C L α MR is nearly linear, the identification uncertainty in C L α MR of approximately 3% maps directly to equivalent uncertainty in weight estimates. This accounts for the majority of estimation error, which is on the order of 4-5%. Additional less significant sources of error include wind effects, error in inflow modeling, and sensor error from the barometric altimeter, which was affected by transient changes in inflow.
Flight experiments were also conducted in more general maneuvering flight conditions; however, performance severely degraded outside of the axial flight regime. Weight estimates became poor in general forward flight and turning maneuvers largely due to a lack of model fidelity. The ARMCOP model coupled with the quasisteady rotor flapping assumption is insufficient to capture the longitudinal and lateral dynamics of the small test helicopter, which has a very lightly damped roll and pitch response and strong cross coupling terms due to a stiff rotor system. System identification models, such as that developed by Cheng et al. [15] , may provide a more accurate system model for the purposes of weight estimation in general maneuvering flight.
VI. Conclusions
An experimental investigation of real-time helicopter gross weight estimation was performed using a small R/C helicopter. To capture the axial dynamic response of the helicopter, flight data were collected and maximum likelihood estimation applied to identify the main rotor lift curve slope. Flight test sequences were performed with various gross weight values to evaluate algorithm performance in axial flight. Results demonstrate that accurate real-time weight estimates can be obtained with a modified extended Kalman filter in the axial flight regime, given realistic disturbances and a low-cost sensor package. 
AIAA Early Edition / ENGINEERING NOTES
